Introduction
Surface-enhanced Ramans cattering (SERS) is an ovel and powerful characterization technique and slowly developing toward maturity as at ool for heterogeneous catalysis. [1] Many effects play ar ole in the actual SERS spectra that are observed, [2] and full understanding of the reasonsf or spectralf luctuationsi s important for practical application of reactivity studies on the scale of single catalytic particles. [3] The large enhancement effects that are associated with the phenomenon opens doors to nanoscale molecular characterization that is otherwise impossible. This resolution is present both in quantity,o rt he number of molecules required for characterization, and in spatial resolution, especially with techniques such as tip-enhanced Raman scattering (TERS). [2e, 4] However, single hotspot measurements requirec onsideration in their interpretation, due to the small measurement volume, but also because of their time-dependent variability. [5] Spectralf luctuationsa re ac ommon feature in these time-resolved measurements. [4a, 2g, 6] Due to the small number of molecules and extreme enhancement effect involvedi nt hese measurements, rare events are more readily observed where they are not (or less) visible in long time scale or bulk measurements, due to averaging over many more modes.
The interpretation of short-term variations in the spectra has been the subject of debate, as the high-enhancementf ield at ah otspot can also lead to photodecompositiono fm olecules within thath otspot. [2e, f, i] However,t he spectralf luctuations are commonly explained through local changes in chemical environment around the sensed molecules, or orientation effects. [2h, 6] This so-called blinking is at any rate ad ynamic process, dependentont emperature and mobility of the molecules on the surface. [7] In the case of heterogeneous catalysis, shortterm fluctuations might actually give valuable information about,f or example, the orientationso fm olecules or the presence of reaction intermediates. To study these phenomena in detail,t he short-lived spectral variations must be analyzeds eparatelyf rom long-term effects.
The near-field intensity over aS ERS substrate is far from homogeneous. Af ew selected locations will have av ery intense near-field, where other locationso nt he surface will hardly cause aR aman enhancement effect.T hism akes it an ideal technique to study any short-lived reaction intermediates that are otherwise insignificant in ab ulk observation, which is best studied in few-hotspot samples to limit ensemble-averaging. Sufficiently long measurements will eventually capture the sig-Straightforward analysis of chemical processes on the nanoscale is difficult, as the measurement volumei sl inked to ad iscrete number of molecules, ruling out any ensemblea veraging over rotation and diffusion processes. Ramans pectroscopy is sufficiently selective for monitoring chemical changes,b ut is not sufficiently sensitive to be applied directly.S urface-enhanced Raman spectroscopy (SERS) can be appliedf or studying reactionk inetics, but adds additional variability in the signal as the enhancement factor is not the same for every location. An ovel chemometricm ethodd escribed here separates reactionk inetics from short-term variability,b ased on the lack of fit in ap rincipal-component analysis.W eshow that it is pos-sible to study effects that occur on different time scales independently without data reduction using the photocatalyticr eductiono fp-nitrothiophenol as as howcases ystem. Using this approachabetter description of the nanoscale reaction kinetics becomes available, whilet he short-term variations can be examined separately to examine reorientation and/or diffusion effects.I tm ay even be possible to identify reactioni ntermediates through this approach. With only al imited number of reactive molecules in the studied volume, an intermediate on aS ERS hot spot may temporarily dominate the spectrum. Now such events can be easily separated from the bulk conversion processb ym aking use of this chemometric method.
nature spectrum of short-lived species, as it arises at the location of an intense hotspot.
All the above effectsr esult in spectrald ifferencesb etween the spectralf luctuationsf rom the regular( bulk) spectra. Therefore, the use of chemometrics can help to separate spectra of large datasets in an effective manner.V arious groups have already linked SERS measurements to multivariate analysist echniques. [8] But where signali ntensity fluctuations are no problem for multivariate analysis, spectral fluctuationso nv arious time scales can give problems in these methods.
Here, we present the use of multivariate analysis tools as an approacht os eparate reactivity,r elated to bulk changes,f rom short-term blinking, related to orientations, intermediate states and temporary conditions. Both are importantt ou nderstand the dynamics at the catalystp article and the developedm ethodology allows analysiso fb oth effects without removal of any spectra.T he chemometric method used here is ac ombination of principal-component analysis (PCA) and multivariate curve resolution (MCR).I nP CA, the variance in ad ataset is decomposed in as et of orthogonal principal components.U sing only al imited number of these principal components, al arge amount of variance of the input spectra can be described. [9] With MCR it is possible to decompose am ixture of spectra into their individual-component spectra. [10] The main difference between PCA and MCR lies in the components they calculate. PCA componentsd escribe variance and can thereby also result in components with both negative and positive peaks. It is typically used as at ool to gain insight into the variancew ithin ad ataset. MCR with non-negativity constraints decomposesaset of spectra into ap redefined number of spectralc omponents,w hich relate to the actual spectra of the related compound. This description of ad ataset with al imited number of components usually works well for the description of bulk changes. However,s hort-termf luctuations, like reaction intermediates, will be ignored as they are not prominent enough in the full dataset. This does not mean they are not observed. We use PCA to analyze the full dataset and separate reaction kinetics from short-term variations. These separatedd atasets are subsequently examined with MCR, for directcomparison to normal Ramanspectra.
We present here an ovel chemometricm ethodb ased on PCA for time filtering( see Figure 1 ). Chemical reactions can hereby be separated from short-term variations, enabling better analysis of either dataset. To present this analysis method, we use as elf-assembled monolayer (SAM) of p-nitrothiophenol (pNTP) on af lat Au substrate, as illustrated in Figure 2 . SERS activity,a nd related reactivity,i si ntroducedb y deposition of Ag nanoparticles,s imilar to other experiments described in literature. [11] The monolayer of pNTP can be reduced to p,p'-dimercaptoazobisbenzene( DMAB) via photocatalysis over plasmonic nanoparticles, and typically uses green laser excitation andA gn anoparticles. [3, 12] Rather than using green laser excitation, an excitation wavelength of 785 nm is chosen. This excitation excites the coupled plasmonso fA u and Ag and gives sufficient enhancement effect to observe dynamics over single nanoparticle hotspots on the flat Au substrate. The choice of this low-energy excitation wavelength also ensures that the catalytic reaction is sufficiently slow to observe reactivity during the acquisition of 15 000 consecutive 1sSERS spectra.
Results and Discussion

Single-Hotspot SERS
Obtaining SERS over single hotspots is achievedb yd eposition of single Ag nanoparticles over ap NTP-functionalized flat Au surface, as illustrated in Figure2.Aset of 15 000 Ramanspectra were recorded at an excitation wavelength of 785 nm, with a1si ntegration time. Pre-processing was done via ac osmicray remover (WiRe 3.2, Renishaw) to remove the spikes in indi-vidualR amans pectra. These narrow peaks occur only in single Ramans pectra and their removal has no effect on the time-resolved scale. The Ramans pectra are analyzed for the spectral region of 1000-1635 cm À1 ,where most vibrations characteristic ChemPhysChem 2015, 16,547 -554 www.chemphyschem.org for both reactanta nd product are found. Aw eighted leastsquares (WLS) baseline correction is calculated, after which the absolutevalue of this dataseti st aken.
The main Raman peaks of pNTP and DMAB are clearly visible in the color plot (Figure 3a) , as wella si nt he first and last Raman spectrao ft he series ( Figure 3b ). As imple methodf or trackingt he reaction progress is to plot peak areas of reactant and product as af unctiono ft ime. Figure 3c shows the results of this approach, for the Ramanp eaks at 1335 (sym. NO 2 stretch) [13] and 1440 cm À1 (N=Ns tretch). [14] The main trends are visible:t he DMAB signal comesu pw ith time, whereas the pNTP signal appearst ob el ess affectedb yt he reactiona nd suffers more from SERS-intensity variations. The noise level in the signals is rather high, most likely due to the noise in the spectra themselves, though peak shifts also contributet ot he noise level. This methodi ss ufficient for monitoring the (irre- ChemPhysChem 2015, 16,547 -554 www.chemphyschem.org versible) reaction in time, but shows quite some noise in the overall signal.
MCR is am ore reliable method, as it takes the full spectrum into account, rather than just as ingle peak. For this dataset, an unrestrained two-component MCR analysisr esults in am odel that describes9 4% of the total signal variance. Component1 (62 %, see Figure 3e )r esembles the reactant very well, while the second component (32 %) comprises am ixture of DMAB with as maller contribution of pNTP.T he corresponding scores in time (Figure 3f )s howm ore detail and less noise respectt o the peak area analysis method ( Figure 3c ). MCR can therefore be concluded to be as atisfactory methodt ot rack this reaction.
Nonetheless, the spectral residuals after MCR (Figure 3d )s till show many spectral features. Blinkingi saprominentf eature in this dataseta nd occurs in spectralp atterns that do not overlap with those of pNTP and DMAB.A st his photoreaction encompasses multiple reaction steps, [15] these spectra can contain valuable information regarding the mechanism. In fact, when time and spatialr esolution of SERS is high enough, these spectral fluctuationsa re expected to be the way to identify possible reaction intermediates.
Separation of Signal Variations on Different TimeS cales
To separate short-term( reversible) fluctuations from the longterm reaction progress, an ew methodo fd ata processing is introduced. The photoreduction of pNTP to DMAB can largely be characterized by the disappearance of the pNTP spectrum,a nd the rise of the DMAB spectrum. After as imple spike removal, PCA is used to separate long-term trends from short-term trends using a2 00 st ime filter.T he exact window required for the time filter depends on the dynamics of the system and experimental parameters like acquisition time. It can be altered to suit the needs of ap articular dataset.
Aone-component PCA on the time series (after spike removal) results in the component ands core shown in Figure 4a ChemPhysChem 2015, 16,547 -554 www.chemphyschem.org (low) baseline, but with quite some short-term deviation from this baseline. The PCA component does not describe those spectra very well as they are present only for short periods during the total 15 000 s. In other words, they show some form of spectral deviation from the bulk reaction. To separate these spectralf luctuations for closer examination, any q-residuals with av alue highert han the mean value + 0.1 the standard deviation of all q-residuals are selected, unless they consist of as eries of spectra that are above this norm for 200 sc onsecutively.A tt he start of the reaction, the PCA does not always fit the full trend of reactivity,s ince changes due to the reaction can result in relatively large spectral changes. However,t hese first spectra are only am inor part of al arge dataseta nd thus are not accurately described by the one component PCA model.T herefore the q-residual criterion of the first 100 spectra is af ive-fold higher value to ensure no reactivity information is lost.
In Figure4d, all black data points represent spectrat hat have as ufficiently low q-residual value, and are taken for further analysis of bulk reaction. In this first separation, the green data points are also included. They are above the set q-residual criterion,b ut persistent enough to be considered as bulk processes. Red data points are below the q-residual criterion as the correspondings pectra are only present during short time intervals. They are set aside and can thus be analyzed separately from the bulk reaction. The color coding in Figure 4d is also applied to Figure 4b ,c to indicate the relation between these different parameters. Figure 4c shows the breakdown of the full set into the different sets of spectra. Black spectra fall within the Q-residual criterion and describe the reaction. Green spectra do not meet up to the Q-residual criterion, but make it through the time filter.T hey are likely an orientation effect due to changes in the monolayer,a nd are included in the analysiso ft he bulk reaction in Figure 5 . Red spectraa re set aside and are analyzed in Figure6.T he spectral pattern of these three sets is quite clear.W ith respect to the black spectra, the green spectra are only small deviations. In contrast, the red spectra show much more vibrational bands than observed in the black spectra.
Analysis of Bulk SurfaceReaction
Having separated the photocatalytic reduction from short-term variations, each datasetc an now be analyzed separately.T he reactions pectra are taken through at wo-component MCR, after preprocessing of the spectra by aW LS baselinecorrection Figure 5 . MCR model of all spectrab elonging to the bulk reaction. In a) the two calculated components are shown. Component 1( green) represents 27 %o f the calculated model, component 2( blue) represents 70 %oft he calculated model, with at otal of 97 %v ariancee xplained. b) Shows the score of components 1a nd 2i nt ime. c) All input spectra for the MCR model and d) the spectral residuals that are not explained by the MCR components. These two figures are shownont he sameintensityscale for comparison. ChemPhysChem 2015, 16,547 -554 www.chemphyschem.org and taking the absolutev alue of the resulting spectra.O ther than assuming two components to describe the reaction, no other constraints are put onto the MCR.
The calculated MCR componentsa re shown in Figure 5a and depictp NTP (in green, 27 %v ariance) and am ixture of pNTP and DMAB (in blue, 70 %v ariance). The score as af unction of time is shown in Figure 5b ,a nd, like the components, rather similart ot he resultso btained in Figure3e, f. The main difference is the level of noise in the score, which is lower in Figure 5b .T he removal of spectral fluctuationsa nd subsequent analysis of the pure reactionh as led to better description of this reaction via MCR.
As can be expected, the variance explained by two MCR components within this filtered dataseti ss lightly higher (97 %) than in the non-filtered dataset (94 %). This is furthere mphasized by the input spectra (Figure 5c )a nd spectral residuals (Figure 5d ). Less spectralf luctuations are put into the model, so less are found in the spectral residuals, when comparing Figure 5d to Figure 3d .
Overall, the time filter benefits the MCR model. But for application of this modelt ot he descriptiono fr eaction kinetics, some additional steps will have to be taken.T he mixtureo f pNTP and DMAB in component 2m akes it difficult to deter-mine the fractiono fp NTP in the total signal. It will likely be al inear combination of both components 1a nd 2. DMAB is simpler, as that is only expressed in component 2. Though the actual contribution of DMAB will only be af raction of the score for component 2, this will be am atter of scaling the intensity and will not affect the calculation of reactionrate.
Analysis of Spectral Fluctuations
Most important in this novel chemometric methodi si ts ability to analyze short-term spectral fluctuations in large dataset. These fluctuations are expected to give information on shortlived eventso nt he surfaceo ft he Ag substrate, which could be either due to reorientation of pNTP or DMAB,o rareaction intermediate. Figure 4s howed how variations present for less than 200 sw ere separated from the long-term effects of the bulk reaction. The separated spectra that exhibit these shortterm fluctuations are shown in Figure 6c .M any spectralf eatures are present,and at varying intensities.
Af our-component MCR analysis was found to describe the majority (94 %) of the spectralc omponents in this dataset. The largestc omponent (Figure 6a,b,b lack, 52 %)) has am aximum contribution at around 40 00 si nt he dataset. It is very similar Figure 6 . MCR model of all short-lived spectralcomponents.a)The four calculated MCR components. The variance capture with the components is for black 52 %, for red 24 %, for blue 13 %, and for green 5%.b )Score plot in time for these four components, colour-codeda sf or (a). c) All input spectra for this MCR analysis. d) Residualsafter MCR analysis. ChemPhysChem 2015, 16,547 -554 www.chemphyschem.org to component 1i nF igure 5a,a nd is also most prominent at the beginning of the reaction. In comparison to the reactant component in Figure5,aslight variationi np eak ratios is observed, which is most likelyc aused by ad ifferento rientation or local environment for the reactant. Similarly,t he second component (Figure 6a ,b,r ed, 24 %) has similarities to component 2i nF igure 5a,a nd is presenta tt he end of the reaction. Again, the differences are in peak ratios, likely caused by molecular orientation or variationsi nt he local environment.
The third ( Figure 6a and b, blue, 13 %) and fourth (Figure 6a,b,g reen, 5% )c omponents have ad ifferentb ehavior in their score in time. Both are rather low in intensity,a part from one instance-at 11 000 for component 3, and 12 500 for component 4. The most characteristicp eak in the third component is the vibration at 1380 cm À1 .T his is ak nown vibration of DMAB, [14] and appearst ob es trongly enhanced at that specific moment.
The fourth component is hard to place in the context of either pNTP or DMAB, and could be ar eaction intermediate. Reactioni ntermediates will have as imilar molecular structure as pNTP and DMAB, but with ad ifferent functionalg roup. The characteristic vibrations at for example, 1335 and 1440 cm À1 would not be expected at exactly that location in an intermediate spectrum. Also, reorientation of pNTP or DMAB molecules should not result in new vibrations with respect to the normalR amans pectrum. Though beyondt he scope of this work, it is anticipated that future density functional theory (DFT) calculations should be able to shed more light on the chemicalinformation in these spectral components.
The novelty of this chemometric method is its capability of analyzing short-lived Raman spectra. Thoughm ost deviating spectra will probably be explained via orientation effects,t here is as mall chance that intermediates will also be present at the intense enhancement field in aS ERS hotspot, if the measurement runs long enough. Normally short-lived spectra are disregarded in the analysiso fa15 000 SERS spectra dataset, but now these spectra can be identified for the study of the surface reaction dynamics.
Conclusions
We have presented an ew approacht othe chemometricso f SERS spectra,w hich can find widespread use in this important field of research. It wasf ound that with ao ne-step time filter with aP CA approach, the photocatalytic reduction of pNTP monitored by SERS could be analyzed in great detail. More specifically,w ith this PCA analysis, the photocatalytic reduction process (> 200 s) was separated from strongs pectral deviations occurring over shorter time intervals (< 200 s). Both sets of data were then separately analyzed.
The subsequentM CR analysis on the reaction data yields less noise, compared to simple peak area analysisa nd to regular MCR withoutPCA filter.Additionally,the blinking SERS spectra separated from the bulk reaction process can now be analyzed separately.H ere, af our-component MCR analysis has shown the main components of these deviatings pectra.
Where the bulk reactiond ata cleans up nicely with the use of this filter,t he real advantage is in the blinkings pectra. Here, we have shown that the developed approachi sa ble to isolate these events. If SERS is indeedg oing to reveal reactioni ntermediates,i tw ill be most probably during sparse events. It is important to note that SERS has this inherent capability due to the inhomogeneous enhancement effect over the SERS-active substrate.
Experimental Section
Ag nanoparticles were synthesized according to Lee and Meisel [16] In short, 0.04908 gs ilver nitrate (Sigma Aldrich, ACS reagent, 99.0 %) was dissolved in 10 mL mQ water.3 .667 mL of this stock solution was added to 100 mL mW water in ar ound-bottomed flask equipped with aT eflon stirrer bar and reflux column. After heating the solution to reflux temperature, 2mLo f0 .09 m sodium citrate tribasic dihydrate (Sigma, reagent grade,~99 %) was added. After 5min at reflux temperature, the sol had turned ay ellow/ brownish colour with silver reflectance. This sol was left to cool and stored in arefrigerator until required for experiments. Af lat Au substrate of 100 nm Au over a0 .5 1.0 cm Si wafer (Philips Innovation Services) was cleaned with UV/ozone and anhydrous ethanol. Subsequently,t he substrate was immersed into a1 0mm ethanolic solution of pNTP (Fluka, technical grade) for 24 h, followed by threefold rinsing in 10 mL ethanol. Atenfold dilution of Ag nanoparticle sol was directly dropcasted onto the substrate and left to dry in ambient conditions. Raman measurements were performed on aR enishaw InViam icroscope, using 785 nm diode laser excitation, through a5 0 longworking-distance objective. The described experiment was done using 0.25 mW laser excitation power,f or 15 000 consecutive spectra at a1sintegration interval. Chemometric analysis was performed using the PLS To olbox 6.71 (Eigenvector Co.) in combination with Matlab 2012a (Mathworks). Unless mentioned otherwise, raw SERS spectra were loaded directly into Matlab and smoothed with as econd-order (9 pixel) Savitsky-Golay filter.Aq uick spike removal was done through ah omewritten routine:ao ne-component PCA (mean centre pre-processing) was analysed on the basis of the q-residuals in time. Any spectrum with aq-residual value higher than the mean + 0.1 standard deviation of all q-residuals was removed if the datapoint was three times larger than its direct neighbours. Af ive times higher filter was used for the first 100 spectra, to cope with the start of the reaction. The result of this filtering is the separation of the total dataset in categories that relate to spectral variations on different time scales that van be linked to different physical and chemical changes on the surface.
